Abstract-With the rapid development of microscopy imaging technology, the requirement for robust segmentation and quantification of cells or nanoparticles increases greatly. It remains challenging due to the diversity of the cell or nanoparticle types, the arbitrary shapes, and the large numbers of cells or nanoparticles. The most existing methods are only capable of segmenting some specific types of cells or nanoparticles. In this paper, we propose a more versatile approach that is capable of segmenting a variety of cells or nanoparticles. It consists of five parts: 1) automatic gradient image formation; 2) automatic threshold selection; 3) manual calibration of the threshold selection method for each specific type of cell or nanoparticle images; 4) manual determination of the segmentation cases for each specific type of cell or nanoparticle images; and 5) automatic quantification by iterative morphological erosion. After the parameter, N is calibrated and the segmentation case is determined manually for each specific type of cell or nanoparticle images with one or several typical images; only parts 1), 2), and 5) are needed for the rest of processing and they are automatic. The proposed approach is tested with different types of cell and nanoparticle images. Experimental results verified its effectiveness.
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I. INTRODUCTION

M
ICROSCOPY imaging has developed rapidly in recent years, which brings forth many new scientific and industrial applications. Cells or nanoparticles in physics, chemistry, and biology are imaged and analyzed. Researchers took great effort and utilized different ways to separate the imaged cells and nanoparticles. As a powerful tool, the image processing technology is becoming more and more important for the automated microscopy instrumentation. In different microscopy applications, the shapes, the sizes of the cells or the nanoparticles, and their gray-scale distributions vary greatly, which makes the robust segmentation challenging. In addition, the cells or the nanoparticles in many applications are frequently neighboring or overlapping on each other, which makes the quantification challenging. In this paper, we propose a versatile approach for robust segmentation and quantification of different types of cells and nanoparticles imaged in different physical, biological, and chemical applications.
In the past years, great efforts were put into segmentation of cells and nanoparticles [1] - [12] . The absence of a unified method for different acquired images makes the research work divergent and application specific. Different methods were proposed and claimed to be superior in segmenting some specific type of cells or nanoparticles. These methods include watershed method [1] , region growing method [2] , morphological method [3] , neural network method [4] , graph method [5] , Bayesian method [6] , linear discriminant preprocessing method [7] , tabu search method [8] , correlation clustering method [9] , multilayered segmentation method [10] , membrane pattern method [11] , iterative feedback, and machine learning method [12] . However, none of them can meet the general purpose for so many different types of cells and nanoparticles. These methods were diverging rather than converging to a robust and unified solution and the performance and applicability of these methods thus remain limited. In this paper, we proposed a more versatile and generalized approach to overcome these drawbacks.
The proposed approach utilizes the general property of the cell and nanoparticle images: intensity and intensity gradient. In general, the intensity distinguishes the objects and the background from each other globally, whereas the gradient reflects the intensity variation locally. In many cases, when the objects are overlapped or neighboring, the gradient might be able to help to distinguish the objects from each other. To segment the intensity gradients, state-of-the-art segmentation methods [13] - [22] were tested and none of them could segment the gradients as completely as required. In [23] , a threshold selection method was proposed based on the slope difference distribution of the smoothed histogram to segment the reflected laser lines from the dark background. Its superiority over state-of-the-art threshold selection methods [18] - [22] was also testified in [23] . Due to the simple modality of the laser line image, the threshold was selected as the valley position of the slope difference distribution with the maximum absolute value. In this paper, the slope difference distribution-based threshold selection method is improved to segment a great variety of images with complex image modalities. It is concluded in this paper that the improved threshold selection method is significantly superior to stateof-the-art segmentation methods [13] - [23] in segmenting the gradient images and the great varieties of cells or nanoparticle images. In most cases, the segmented neighboring or overlapping cells or nanoparticles still connected even if the gradient information was utilized. To separate them, an iterative erosion method was proposed based on an automatically computed size threshold that can distinguish the cell or nanoparticle's size and the noise blob's size. The quantitative results show that the proposed iterative erosion method is significantly more accurate than the traditional ultimate erosion method [25] . This paper is organized as follows. First, the proposed approach is described in Section II. In Section III, the advantages of the proposed threshold selection method over stateof-the-art segmentation methods are verified to show that it break through the bottleneck problem in segmenting some specific type of images. In addition, the advantage of the proposed erosion method over ultimate erosion method is testified both qualitatively and quantitatively. Both quantitative and visual results of segmenting and quantifying the cells and nanoparticles are given to show the effectiveness of the proposed approach. Finally, discussions are given. Conclusion is drawn in Section IV.
II. PROPOSED APPROACH
A. Gradient Image Formation
To obtain the gradient image, the gradients of the cells or nanoparticles are enhanced by applying the Sobel operator in the row direction and column direction, respectively. Two gradient components I x and I y are then obtained. The gradient image is formulated as follows:
where (k, j) denotes the index of the pixel position.
B. Slope Difference Distribution-Based Threshold Selection
As the most challenging part, the segmentation method needs to be robust for a vast variety of images. State-of-the-art methods [13] - [23] were tested to segment the gradient images and the original cell or nanoparticle images. Unfortunately, none of the tested methods could yield acceptable accuracy consistently for so many types of cells or nanoparticle images. A more powerful and generalized image segmentation method is thus required to produce acceptable result consistently for so many different types of images. Thus, a flexible threshold selection method based on the slope difference distribution of the smoothed histogram proposed in [23] was improved to meet the requirement in this paper. The slope difference distribution of the image histogram is defined as the variation rate of the pixel distribution, and it is computed as follows.
Step 1) The gray-scale values of the image are rearranged in the interval [1, 255] and its normalized histogram distribution P (x) is computed by the following equations:
where N i denotes the frequency of the pixel value i and N j denotes the maximum frequency that occurs at j in the interval [1, 255] .
Step 2) The normalized histogram distribution is filtered in the frequency domain. P (x) is transformed into the frequency domain by the discrete Fourier transform (DFT)
where F (K) (K = 1, . . . , 255) denotes the Fourier transformation of the normalized histogram distribution P (x). Then, the low-frequency parts from 1 to 10 are kept and the rest of the high-frequency parts are eliminated by the following equation:
where F (K) (K = 1, . . . , 255) denotes the filtered Fourier transformation of P (x) by a low-pass filter with bandwidth of 10. The reason that K is chosen from 1 to 10 is based on the trial-and-error analysis with a large variety of images. After the histogram distribution is filtered in the frequency domain, it is transformed back into spatial domain by the following equation:
P (x) is the smoothed histogram distribution.
Step 3) To compute the slope difference, two slopes for each point on P (x) are computed, one on the left side of the point and the other on the right side of the point. They are computed by fitting a line model with N adjacent points at each side. The line model is formulated as
Two slopes a 1 (i) and a 2 (i) at point i are then obtained by (8) . The slope difference of point i is computed as greatest local variations in the slope difference distribution are obtained.
To demonstrate the process of selecting the threshold from the slope difference distribution, an image with two objects on the background was synthesized in Fig. 1(b) . The grayscale mean values of the objects are 100 and 150, respectively, and the gray-scale mean value of the background is 50. The Gaussian noise with magnitude of 30 was added in the synthesized image. In Fig. 1(a) , the original histogram of the synthesized image is plotted in mauve and the smoothed histogram is plotted in cyan. The slope difference distribution is plotted in blue for the peak part and in red for the valley part. The derivative of the slope difference is plotted in green and its intersections with the horizontal axis are denoted in blue crosses for the peaks and in red circles for the valleys, respectively. The valley positions (red circles) on the left side of the first peak position (blue cross) and on the right side of the last peak position will not be considered as the candidate thresholds. Hence, there are only two candidate thresholds in Fig. 1(a) , and if the two objects need to be segmented from the background, the optimum threshold is selected as the first one with greatest magnitude. On the other side, if the brightest object alone needs to be segmented from the background, the optimum threshold is selected as the second one. Fig. 1(c) shows the segmentation result by the first valley and Fig. 1(d) shows the segmentation result by the second valley. As can be seen, the proposed threshold selection method is very flexible and could be adjusted based on the requirement of the specific application.
The slope difference distribution has two fundamental properties that are indispensable for the proposed threshold selection method. 
Property 1:
The peaks of the slope difference distribution represent the pixel mean values of the objects or the background, while the valleys represent the thresholds that separate different objects and the background.
Property 2: The valley positions of the slope difference distribution change monotonically with the number of the fitted points N in the line model, while the peak positions keep almost unchanged when the parameter N is changed gradually. This property holds only when the histogram is smoothed by the designed Fourier transformation-based filter. Compared to other filters, e.g., the finite impulse response (FIR) filter and the infinite impulse response (IIR) filter, the Fourier transformation-based filtering is capable of removing the noisy high-frequency components more effectively while maintaining the shape of the histogram. On the contrary, the FIR filter and IIR filter will change the shape of the smoothed histogram undesirably. As a result, the peaks of the slope difference distribution will change nonuniformly.
To demonstrate the second property of the slope difference distribution, the slope difference distribution-based threshold selection method is compared with state-of-the-art threshold selection methods by varying the parameter of the line model N as shown in Fig. 2(b) . The range of the selected thresholds from the slope difference distribution covers the thresholds computed by state-of-the-art threshold selection methods. This merit enables the slope difference-based threshold selection method to yield more accurate segmentation result by calibration based on the practical needs of the applications. In [23] , the value of N is chosen as 15 by trial-and-error analysis. It works well because of the single modality of the captured laser line image. However, for the great variety of cell or nanoparticle images, a constant value of N does not work well any more.
Depending on the segmentation requirement, the slope difference distribution-based threshold selection method is flexible with some changeable manual inputs. The first manual input is the number of pixel classes the image contains and its default value is 2. In this specific example (Fig. 1) , there are three classes, one class belongs to the background and the other two classes belong to the objects. The second manual input is, which two classes the user wants to separate. Instance 1 is defined as the background and the objects and Instance 2 is defined as the first object and the second object along the pixel value increase direction. Instance 3 is defined as the second object and the third object and so on. The default case is Instance 1. The third manual input is the number N of fitting points of the line model.
In this specific application, the first manual input is always fixed as 2 and the second manual input is always Instance 1. To select the correct valley as the threshold robustly, Property 1 of the slope difference distribution is utilized. All the peaks are sorted according to their magnitudes. The two peaks with the largest magnitudes are assumed as the background and the objects, respectively. The valley between these two peaks with the greatest absolute value is selected as the threshold. For the third manual input, it is determined by calibration, which will be described in the next section.
C. Manual Calibration of the Parameters for the Slope Difference Distribution-Based Threshold Selection Method
To calculate the value of the parameter N of the line model for each type of cell images before segmentation, the popular f -measure is utilized. For a specific type of cell/nanoparticle images, the calibration is summarized as follows.
First, one or several typical images were selected from each specific type of cell/nanoparticle images and the manual segmentation results for these images were obtained in advance.
Then, the value of parameter N was varied from 3 to 60 (this range is defined by trial-and-error analysis for the gray range [0 255]) and the f -measure F m of the automatic segmentation result by the slope difference distribution-based threshold selection method and the manual segmentation result was computed by the following equations:
where S SD−thresholding denotes the segmentation result by the proposed threshold selection method and S manual denotes the manual segmentation result. At last, the parameter N that yields the largest f -measure was chosen as the final parameter for this specific type of cell or nanoparticle images.
D. Manual Selection of the Segmentation Cases
After the parameter N is determined and the optimal threshold is selected, the gradient image is binarized by the following equation:
For the segmentation of the original cell or nanoparticle images, (2)- (14) are used again to compute a global threshold T 1 for the original image I. Then, I is binarized by the following equation:
With the two segmentation results S g and S I , the final segmentation S f was calculated in three cases due to the vast variety of cell or nanoparticle image types. The user needs to select manually which case to choose for each specific type of cell or nanoparticle images. There are cell or nanoparticle images with many overlapped or connected boundary, while the segmented boundary for each nanoparticle is not closed, which is true in most cases. For this kind of cell or nanoparticle images (Case 1), the following segmentation method is defined to utilize the segmentation results of both the gradient image and the original image S g and S I .
There are cells or nanoparticles with many overlapped or connected boundaries while the segmented boundary for each cell or nanoparticle is closed, which is true occasionally (especially true for the muscle cell). For this kind of cell or nanoparticle images (Case 2), the following segmentation method is defined to utilize the segmentation results of the gradient image S g only
There are cells or nanoparticles without many overlapped or connected boundary, which is true in some cases. For this kind of cell or nanoparticle images (Case 3), the following segmentation method is defined to utilize the segmentation result of the original image S I only:
E. Quantification
In the segmentation image S f , some cells or nanoparticles are separated from others, while some cells or nanoparticles are overlapped or connected with each other. To quantify the cells or nanoparticles accurately, an iterative morphological erosion method is proposed as follows.
Step 1) Initialization of the seeds of all the cells or nanoparticles as the segmentation S f .
Step 2) The disk structure element B = {(0, 0)} is used to erode morphologically the seeds I i b with the following equations:
where z is the translation vector and a represents the points in the structuring element B.
Step 3) The union of all the separated cells or nanoparticles are computed based on their sizes and saved as seeds (separated and identified cells or nanoparticles)
S 0 is the area threshold to distinguish the area of the cell or nanoparticle and the area of noise blob, and it is computed as the mean area of all the blobs (cells or nanoparticles and the noise blobs) after a number of erosion processes on the segmented cells or nanoparticles.
Step 4) Steps 2) and 3) are repeated until the area of each segmented cell or nanoparticle is smaller than S 0 . Then, the seeds of all the cells or nanoparticles are formulated as
where N s denotes the number of seeds. After all the cells or nanoparticles are identified, the coordinate (x k c , y k c ) of the center of kth cell or nanoparticle is computed as
where j denotes the pixel index of the segmented nanoparticle and M is the total number of pixels contained in the segmented nanoparticle.
The proposed iterative morphological erosion method is significantly more accurate than the well known ultimate erosion theorem [25] . Given two sets A and B B ⊆ A, the union of the connected components of A that have a nonempty intersection with B is denoted as ρ A (B). The ultimate erosion for the set X of overlapping convex components is defined as
Two facts make the ultimate erosion fail in segmenting the overlapping neighboring nanoparticles. First, not all the nanoparticles are convex. Thus, the ultimate erosion will produce more seeds than the actual number if no area threshold is used to constrain the erosion process. Second, ultimate erosion could not distinguish the cells or nanoparticles and the noise blobs. Consequently, there will be a lot of clutter seeds detected if applying ultimate erosion directly.
III. EXPERIMENTAL RESULTS
A. Comparison of the Slope Difference DistributionBased Threshold Selection Method With State-of-the-Art Segmentation Methods
To verify the advantage of the proposed threshold selection segmentation method over state-of-the-art segmentation methods, an image was synthesized with four line-shape objects on the background to imitate the gradient image. The gray-scale mean values are 40 for the background, 90 for the two vertical objects, 140 for the upper object, and 180 for the lower object, respectively. The slope difference distribution-based threshold selection method was compared with active contour without edge [13] , region-based active contour [14] , GM [15] , normalized cuts [16] , distance regularized level set [17] , threshold selection by cross entropy [18] , threshold selection by fuzzy entropy [19] , iterative threshold selection [20] , threshold selection by maximum entropy [21] , and Otsu's method [22] . The segmentation results are shown in Fig. 3(c)-(m) . As can be seen, only the slope difference distribution-based threshold selection method could segment the objects completely from the background with the computed threshold 62, while stateof-the-art methods failed with the computed thresholds greater than 70. Another image was synthesized with two objects on the background to imitate two cells or nanoparticles. The gray-scale mean values are 50 for the background and 80 and 150 for the objects, respectively. The results are shown in Fig. 4 , and it is seen that only the slope difference distribution-based threshold selection method could segment the objects completely with the computed threshold 66, while state-of-the-art methods segment the brightest object only with the computed thresholds higher than 80.
B. Results for Segmentation and Quantification of Different Types of Cells
One specific example from case 1 was shown in Fig. 5 to verify the effectiveness of the proposed approach. The fuzzy entropy method and Otsu's method are chosen for comparison to verify the effectiveness of the slope difference distributionbased threshold selection method. The identified cells are 25 with 100% accuracy rate with the proposed threshold selection method. The number of the identified cells is 20 when the image is segmented by Otsu' method (80% accuracy rate). The number of the identified cells is 18 when the image is segmented by Entropy method (72% accuracy rate).
Some visual results of the segmented and quantified cells from different types of cell images are shown in Fig. 6 to validate the effectiveness of the proposed approach. As can be seen, the identification accuracy rate appears to be good. Thus, the effectiveness and generality of the proposed approach is verified.
The quantitative measure is defined as follows. If there is only one identified cell inside each "ground-truth" boundary, it is counted as true positive (TP); if there are more than one identified cell inside each "ground-truth" boundary, the extra ones are counted as false positives (FPs); if there is none, it is counted as a false negative (FN). One hundred cell images (with the total number of cells over 5000) are used for the calculation of the quantitative results. The computed TP is 93.4%; the computed FP is 0.18%; and the computed FN is 6.6%. Please note that the sum of TP, FP, and FN is 1. 
C. Results for Segmentation and Quantification of Different Types of Nanoparticles
Twenty nanoparticle images (with the total number of nanoparticles over 1000) are used for the computation of the quantitative results. The computed TP is 97.6%; the computed FP is 0.1%; and the computed FN is 0.14%.
Some quantification results for different types of nanoparticles are shown in Fig. 7 . It is seen that the quantification accuracy rate of nanoparticles appears to be better than that of the cells because the modalities of nanoparticles are more simplex than those of the cells. The effectiveness and generality of the proposed approach is validated further.
D. Evaluation of the Proposed Morphological Erosion Method
To demonstrate the advantage of the proposed morphological erosion method over the ultimate erosion method, the performances of the proposed erosion method and the ultimate erosion in separating overlapping circles are compared in Fig. 8 . There are actually 13 seeds while ultimate erosion calculates 17 seeds in Fig. 8(b) (to present the seeds clearly, the dilated version of the seeds are shown). Two seeds in the middle of the image are connected due to their small distance. Fig. 8(c) shows the detected seeds with controlled area threshold for comparison purpose.
For the quantitative comparisons, the computed TP for cells changes from 93.4% to 54.7% when the proposed erosion method is replaced with the ultimate erosion method. The computed TP for nanoparticles changes from 97.6% to 75.7% when the proposed erosion method is replaced with the ultimate erosion method. In summary, the proposed iterative erosion method is significantly more accurate than the ultimate erosion theorem in solving practical problems.
E. Comparison of the Proposed Approach With State-ofthe-Art Methods
State-of-the-art methods [1] , [3] , [5] , [6] , [10] that reported quantitative quantification accuracy results for cell segmentation and nanoparticle segmentation were compared with the proposed approach in Tables I and II, respectively. As can be seen, the proposed approach is significantly better than state-of-the-art methods in quantification of both cells and nanoparticles. In addition, the method proposed in [3] has a poor performance in quantifying high-overlapping nanoparticles with a quantification accuracy rate of 79.6% (121/152). On the contrary, the proposed approach is not affected by the high overlap of nanoparticles [ Fig. 7(a) and (b) for reference]. In [6] , the authors only segmented and quantified the gold nanoparticles, which lacks generality and the single modality of the image decreases the challenges. Please note that all the experiments of this research work are conducted in MATLAB.
F. Discussion
With the rapid development of microscopy imaging technology, automatic image processing techniques for cell or nanoparticle segmentation and quantification are becoming more and more important. Based on the study, it is found that the grayscale distribution of the cell and nanoparticle image is uniform or approximately uniform. As a result, a global threshold is adequate to segment the cells or nanoparticles from the background. State-of-the-art threshold selection methods include the following categories: 1) entropy-based method; 2) model-based method; 3) histogram shape-based method; and 4) iterative method. Entropy-based method tries to select the optimum threshold that maximizes the entropy information of the segmented histogram distribution. Different researchers proposed [21] to compute the entropy and their performances vary according to the types of images. For the fuzzy image processing techniques, different membership functions are combined with the entropy functions to compute the optimum thresholds [21] . Their performances also vary depending on the images that are segmented. Model-based method maximizes the discriminant criterion derived from the proposed model. The most famous one was introduced by Otsu in 1979 [22] and it is still among the most popular ones that are used and referenced most widely nowadays [24] . Similar to entropy-based method, this method also finds the threshold from a global optimization. Most of the models assume the two classes of gray-level distributions are Gaussian distributed. For shape-based method, the authors use convex hull method to find the concavity points that are the candidates of the threshold. The iterative method designs a loop to find the convergent threshold and its performance varies according to the segmented pictures [20] . Except the histogram shape-based method, all the other referenced methods calculate a global optimization according to some criterion derived from functions with considerable complexity. For the single threshold selection, the derived criterions are based on the assumption that only two classes of gray-level distributions exist and they are distinct. Unfortunately, this assumption is usually not true. For the real image, its histogram distribution usually consists of multiple gray-level distributions, and these distributions overlap near the threshold point, which increase errors for the criterion optimization. That is one reason for state-of-the-art threshold selection methods to fail in achieving accurate thresholds. For the histogram shape-based method, the valleys are not necessarily the threshold points due to the overlaps of different gray-level distributions. In some situations, valleys do not exist at all in the histogram distribution. Most state-of-the-art methods use the histogram distributions as their manipulation subject for threshold selection. However, none of them tried to smooth the histogram to reduce or remove the noise that decreases the accuracy of threshold computation. We propose to smooth the histogram and tested different filtering methods including Fourier filter, IIR filter, FIR filter, and time-domain moving average filter. It is concluded that the Fourier filter performs best in retaining the original shape of the histogram while filtering the noise out. The slope difference distribution is defined and the threshold is selected from the valleys of the slope difference distribution. The slope is computed by fitting a line model with N adjacent points and the optimum value of N is computed by calibration. Based on the characteristics of the image, the slope difference distribution-based threshold selection method could be adjusted very flexibly to find the optimum threshold for different types of cell or nanoparticle images. Another advantage of the slope difference distribution-based threshold selection method over state-ofthe-art methods is that it is ready to select multiple thresholds simultaneously without increasing the computation complexity since the slope difference distribution contains all the candidate thresholds (valleys).
After segmentation with a global threshold, there is still one big challenge remaining for automatic and robust quantification of the cells or nanoparticles: some cells or nanoparticles are connected or overlapped with each other. The traditional ultimate erosion method fails due to the following reasons.
1) Not all cells or nanoparticles are convex and their shapes are irregular.
2) The sizes of the cells or nanoparticles vary greatly.
3) There are noise blobs. To separate them from each other effectively, a morphological erosion method was proposed based on an automatic computed size threshold that could distinguish the cells or nanoparticles from the noise blobs. The proposed iterative erosion method stops when the size of the smallest blob is not large than the size threshold, which avoids the excessive erosion of the nonconvex blob into more seeds.
The proposed approach is more general than other stateof-the-art methods in segmenting and quantifying the cells or nanoparticles because it utilizes the general property of the cell and nanoparticle images: intensity and intensity gradient. It could segment and quantify the cells or nanoparticles robustly and automatically for a variety of images, which is validated in this paper. The past researchers might also think of using these two general properties of the images. However, they did not overcome the bottleneck problem of segmentation accuracy by threshold selection methods. It is easy to find a threshold selection method to segment some types of images accurately, while it is difficult to find a threshold selection method to segment a variety of images accurately. Our proposed threshold selection method is capable of segmenting different cell or nanoparticle images and their gradient images robustly based on the calibration, which solves the bottleneck problem and makes a more generalized approach feasible.
IV. CONCLUSION AND FUTURE WORK
In this paper, a new approach is proposed to segment and quantify the cells or nanoparticles. It utilizes the general property of the images: intensity and intensity gradient and thus is suitable for different types of cell and nanoparticle images. The proposed threshold selection method utilizes the slope difference of the smoothed histogram to automatically compute the optimal threshold after parameter calibration with a typical image, while the proposed morphological erosion method calculates size threshold automatically and erode the segmented cells or nanoparticles iteratively without supervision until the connected or overlapping cells or nanoparticles become separate. After manually selecting and calibrating the parameters for each specific type of cell or nanoparticle images with a typical image, the proposed approach is capable of segmenting and quantifying each specific type of cells or nanoparticles automatically and efficiently. The proposed approach was verified by the experimental results, and it has the potential to benefit many automated microscopy imaging applications.
